Abstract-Functional MRI has evolved to become one of the most innovative methods to study the human brain. With a real-time fMRI system, it is possible to perform neurofeedback experiments, where stimuli are adapted in real time to the participants' measured brain activity. Cognitive processes depend on the communication between regions of the brain, and so the analysis of connectivity before, during and after a neurofeedback experiment is of great interest. This work analyses and benchmarks some of the methods currently used on fMRI data: Correlation, Coherence and Granger Causality Mapping. Tests performed on simulated datasets showed that coherence presents robustness to downsampling, unlike correlation and Granger causality. Preliminary analysis of connectivity on an experimental dataset allowed for interesting insights on the working memory network functioning. The work developed has raised a number of questions related to the application of connectivity methods to fMRI data, results validation and optimisation of fMRI experimental setups, as well as a number of challenges to be surpassed in future work.
I. INTRODUCTION
Blood Oxygenation Level-Dependent (BOLD) responses as an indirect measure of neuroelectric activity. Recent advances allowed the real-time implementation of fMRI (rt-fMRI) and the development of neurofeedback (NF), in which neural activity is measured and a sensory representation (e.g. visual, auditory) of this activity is presented to the participant to facilitate the manipulation of the neural correlates of specific behaviours: self-regulation is acquired through learning and based on a causal dependency between the behaviour and the activation patterns feedback.
There is increasing evidence that successful self-regulation in distinct cortical or subcortical Regions of Interest (ROIs) is possible [1] . Despite of the encouraging preliminary results, the approach is yet to be validated in clinical trial setup. The understanding of the underlying mechanisms and neuroplasticity is fundamental.
One important advantage of fMRI is the ability to look at an entire network of distributed brain regions involved in a specific function/behaviour and the spatiotemporal dynam-ics of the BOLD signal during the neurofeedback training. The communication between brain regions, as a measure of network organisation, is usually assessed based on metrics of functional connectivity (temporal correlations between re-mote neurophysiological events) and effective connectivity (influence that one neural system exerts over another) [2] . Analysing connectivity between regions can provide a more complete characterisation of the functioning brain than activation patterns: function relies not on a single, isolated region, but on a network of regions working together. The analysis of these connectivity patterns before, during and after a neurofeedback session is of major importance and constitutes the main motivation for this work.
Changes in functional connectivity resulting from neurofeedback training of single regions have been previously reported in [3] and [4] . The authors in [3] aimed to investigate the dynamic functional connectivity between three networks engaged in working memory training, during rt-fMRI neurofeedback. Results showed that exclusively in the experimental group, the functional connectivity of selected ROI pairs increased significantly in the last training run compared to the first training run. [4] reports an effect of feedback modulation on functional connectivity, when statistical tests revealed clusters of ROIs with increased connectivity values, measured with Pearson's correlation. [5] analysed rt-fMRI neurofeedback training of the emotion regulation network in adolescence, using Granger Causality (GC) as a measure of effective connectivity. Results show significant variations between conditions, sustaining the hypothesis that neurofeedback training has a differential effect on the Granger information flow within the emotion regulation network.
There are a number of methods to assess neural connectivity in fMRI data, and an even larger number of implementations. However, several limitations have been discussed concerning the use of these measures in fMRI data [6] [7] . The identification of an appropriate framework for the use of connectivity measures is still matter of debate.
We aimed to provide a detailed explanation on the analysis of fMRI data from a brain connectivity perspective. To validate and compare approaches, we used a theoretical model with 5 nodes, based on which the BOLD signals were simulated. Several parameters were tested and optimised in order to define a connectivity analysis framework. Additionally, we performed a preliminary analysis of connectivity metrics on real functional data from a neurofeedback fMRI experiment, where we aimed to investigate the dynamic functional connectivity between the networks engaged in working memory training during rt-fMRI neurofeedback.
II. METHODS

A. Functional Connectivity
The Pearson product-moment correlation is a measure of strength of the linear relationship between two variables. It is used on fMRI data as a measure of functional connectivity between two areas. If two areas show strong correlation when performing a specific task, it is an indication that they might be connected and working together to perform the referred task.
Coherence measures the linear time-invariant relationship between two time series at a given frequency. The assumption is that two regions in the brain which have the same underlying neural activity will be highly coherent, even if they present very different haemodynamic response shapes.
B. Effective Connectivity
Granger Causality Mapping (GCM) [8] is a method that aims to explore the influences between neuronal populations and their directions. The method does not require prior assumptions of a model, nodes or connections among them. The mathematical formulation relies on GC to establish the existence and direction of influence from information data. In other words, the GCM maps are established based on the temporal precedence of the information, and identify the sets of voxels, ROIs or nodes that are connected (source or target).
C. Simulated fMRI Dataset
The simulated dataset is based on a Vector Autoregressive (VAR) model originally defined by [9] , and explored in detail in [6] with the objective of testing GC against haemodynamic convolution and downsampling. The model is described by the following equations:
where l determines the neural delay (relative to the model update rate) and w i (t) are zero-mean uncorrelated white processes with variance of 1. The true model connectivity matrix is shown in figure 1 .
To simulate BOLD signals, each output of the VAR model is convolved with one of five different HRF kernels. Afterwards, the signal is downsampled to 0.5 Hz, a sampling frequency that corresponds to a typical fMRI Repetition Time (TR) of 2 s. Using this model, two datasets were studied, differing in the temporal order in which the neural processes are simulated.
D. Experimental Dataset
The experiment aimed to study the impact of neurofeedback training on the working memory network [10] [11] . Seventeen adult volunteers, with no history of neurological or psychiatric diseases, were included in the study, and performed a single session of rt-fMRI neurofeedback training. During the five Imagery runs, the participants were instructed to imagine a sequence of numbers and then recall the sequence in inverse order, while seeing a thermometer and the written instruction. On the first and last run (train and transfer) the thermometer value does not change (no feedback), while on the other three runs the objective is to increase the thermometer value during the imagery blocks and maintain its close to zero value during the baseline blocks. Based on the group activation map of a functional Localiser run, performed before the neurofeedback training, twelve ROIs were selected for connectivity analysis (table I). The right pSTS was declared as a control ROI (outside of the working memory network). Based on the activation peak of each ROI, spheric subject-specific ROIs were created and used to extract the average time-course of each region. The influence of the size of these ROIs was analysed by comparing the results obtained with three distinct sizes (19, 81 and 257 voxels).
III. RESULTS
A. Simulated fMRI Dataset
The results in figures 2, 3 and 4 show the application of three connectivity methods on the simulated dataset presented above, with neural processes in the order of the millisecond. All results in this section are averaged over 100 tests (100 datasets were created and the methods applied to each one and averaged in the end).
B. Experimental Dataset
Every run of the experiment was analysed using Pearson's correlation, coherence and GC. Figures 5a, 6a and 7 show the results for the Localiser run for each of these methods, respectively. Figures 5b and 6b show the comparison between the Train and Transfer runs for each of the methods except GCM, due to the absence of statistically relevant results. Results for the three neurofeedback runs were also omitted. 
IV. DISCUSSION A. Simulated fMRI Dataset
The main goal of the dataset created with processes in the order of the millisecond was to replicate and extend the study by [6] . Additionally, functional connectivity methods -correlation and coherence -were implemented to assess their capability of recovering the causal relations and therefore validating their application on fMRI data. Pearson's correlation was unable to distinguish the model relations. On the other hand, the distinction between coherence values for the true model relations and the remaining ones is very clear (differences around 0.1 and higher), for both signals. When evaluating GC results, the implementation of the method seems valid, since after 100 tests the method is able to recover 4 out of the 5 model relations for the BOLD 250 Hz signals, and a causality inversion is observed for the BOLD 0.5 Hz signal, just like the authors in [6] observed. After several tests, while varying some parameters, it was not possible to recover the causal relation from node 5 to 4, unlike in the mentioned paper. The reason for this absence was not confirmed.
By creating a dataset where the causality dynamics was in the order of the second, the objective was to prove that the application of the three connectivity methods is valid for real fMRI data, assuming that in these the causality dynamics is not only present in the order of neural communications, but also in the order of fMRI acquisition rate. Pearson's correlation fails again to provide any information about the connectivity of the data, but coherence manages to retrieve all true model relations in the signal of interest BOLD 0.5 Hz, revealing some independence to the sampling rate of the signal and therefore validating its application to real fMRI data. Regarding GC results, the lower than expected accuracy value is clear. For the signal of interest BOLD 0.5 Hz, the method manages to recover 4 of the 5 model relations, but also fails by recovering other 4 relations that are not from the model. These results tend to show that even with a clear causal dynamics in the order of the second it is not immediate for the method to recover the data connectivity.
The method that shows greater potential to be applied on real fMRI data is coherence. Both for the datasets with dynamics in the order of the millisecond and the second, the method managed to retrieve the true model relations. Serious doubts are placed for Pearson's correlation and GC, based on these results. The studies of [6] and [7] state specific limitations of GC, one of them clearly identified -downsampling.
B. Experimental Dataset 1) Localiser Run:
The results of Pearson's correlation analysis are surprisingly informative. In figure 5a , most of the theoretically expected connections show higher correlation values: between the left IPS and left DLPFC (1 ↔ 5) and interhemispheric IPS and DLPFC, among others such as the motor areas FEF, SMA and premotor cortex, that are fully explainable. Note the substantially lower correlation values for the connections with the pSTS (control node purposely outside the network). The higher number of connections with the left DLPFC seems to suggest that this region is an important integrating hub. The results for the analysis with the three ROI sizes were equivalent.
Regarding coherence results, the expectations were that the regions involved in the 1-back and 2-back tasks, such as the IPS and DLPFC, would show higher coherence values between them, in the average of all subjects. As shown in figure 6a, this is exactly the case for the 1 ↔ 5 (left IPS ↔ left DLPFC) connection. Additionally, connections such as right IPS ↔ left premotor cortex and left DLPFC ↔ right FEF also show considerable differences in coherence but are less expected, specially because the regions are in different hemispheres. The control ROI appears to work as expected, but in a much more discrete way when compared to correlation results. The size of the ROI shows to have little influence on the coherence values, since no major differences are noticeable between the analysis.
The results of GC analysis are considerably more disperse. Even so, the matrices display a causal influence of the left IPS on the left DLPFC (1 → 5) and interhemispheric connections from the left to the right DLPFC (5 → 6) and from the left to the right Insula. Other less expected relations appear, including three with the control region, the pSTS.
2) Comparison Train vs Transfer Runs:
It has been shown that the effect of neurofeedback is more evident after a significant number of sessions [1] . The subjects of this experiment only performed one neurofeedback session, and as such, large connectivity changes are not expected when comparing the metrics before and after the single neurofeedback session.
Regarding correlation results, the variations are in fact low: the highest increase in correlation -around 0.2 -is shown for connection 3 ↔ 7 in figure 5b. The highest decrease is shown for connection 7 ↔ 9. Denote also that the correlation for the connection of interest 1 ↔ 5 decreases slightly, on average, from the Train to the Transfer run, which is rather unexpected.
Coherence results tell a slightly different story. Although the variations are small between the runs, there are significant differences between the imagery and baseline blocks for the three ROI sizes. For instance, in figure 6b, it is clear that the interhemispheric coherence between the Insula, as well as the coherence between the left IPS and DLPFC has increased in the Transfer run for the imagery blocks. These changes are not visible for the analysis on the baseline blocks, as expected. Unfortunately, a t-test suggests that none of these changes is statistically significant for any of the ROI sizes, at a 99% confidence level.
Considering GC results, the only causal relation that suffered a change for the imagery blocks was the one from left Insula to the left FEF, but the results are not consistent across ROI sizes.
C. Method Comparison
A general concordance between the results given by the different connectivity methods is expected, even with the metrics of functional and effective connectivity looking at different properties of the signal. Coherence proved to be the only method to retrieve the model connectivity of the simulated dataset, regardless of the sampling rate. However, on real fMRI data, correlation also returns surprisingly interesting results, in relative accordance to the coherence analysis and the theoretical model. This discrepancy could indicate that the simulated dataset does not capture a realistic data correlation structure. Regarding effective connectivity, GC is the most widely used method, but in this study, it showed to be highly influenceable by a number of parameters, while failing to return expected results. Additionally, the relations found by this metric have no meaningful similarity with the ones found by correlation and coherence. Mainly because of this fact, it was not possible to define a clear network of communication for the working memory task in study. Supporting the results of [6] , this metric shows no evident promise of application to data with this temporal resolution, which precludes naive application of the metric to fMRI data in general.
